
Tuijin Jishu/Journal of Propulsion Technology  
ISSN: 1001-4055  
Vol. 44 No. 4 (2023)  
__________________________________________________________________________________________ 

 

3966 

 

Machine Learning-Enhanced Decision Support for 

Neurological Disorders Management in Healthcare 
 

[1]Dr. Divya Jain,  [2]Dr. Vibha Tiwari, [3]Akshra Tiwari 

 
[1]Associate Professor, Department of Electronics and Communication Engineering, Technocrats 

Institute of Technology , Bhopal, India 
[2]Assistant Professor, Centre for Artificial Intelligence, Madhav Institute of Technology and 

Science,  Gwalior, India 
[3]Student,Department of Data Science and Artificial Intelligence, Christ University, Delhi NCR, 

India 

 

E-mail: [1]divianu02@gmail.com , [2]vibhatiwari19@gmail.com    ORCID:0000-0002-9772-4392, 
[3]tiwariakshra1@gmail.com 

 
Abstract: In a nutshell: Neurological illnesses, which include a wide range of ailments from Parkinson's 

disease to epilepsy, present considerable problems to the administration of healthcare. The purpose of this 

abstract is to present an overview of a unique technique called Machine Learning-Enhanced Decision Support 

(ML-EDS) for Neurological Disorders Management, which aims to improve patient treatment as well as 

patient outcomes. Within the scope of this investigation, we have suggested a complete ML-EDS framework 

that integrates cutting-edge machine learning strategies with more conventional approaches to medical 

treatment. The framework provides a comprehensive solution that makes use of several types of patient data, 

such as clinical records, neuroimaging data, genetic information, and data from wearable sensors. The 

Random Forest, Long Short-Term Memory (LSTM), and k-Nearest Neighbours (k-NN) algorithms are 

integrated into our methodology in order to improve illness progression prediction, seizure event detection, 

and individualized medication suggestion. In comparison to more conventional approaches, the suggested 

framework reveals noteworthy advantages. When compared to conventional algorithms, it demonstrates 

superior accuracy, sensitivity, and specificity in the prediction of illness development. Additionally, its F1 

score is significantly higher. In addition, the application of LSTM for the identification of seizure episodes 

demonstrates the effectiveness of the method in determining crucial occurrences, which in turn enables 

prompt intervention. The possibility of tailored medical treatment based on k-means clustering is also 

highlighted in this research. Patients with comparable clinical characteristics can be grouped together to 

facilitate the development of personalized treatment methods, which can then provide individualized care 

pathways. The performance evaluation demonstrates that k-NN is capable of making therapy 

recommendations with high precision, hence contributing to an overall improvement in the health of the 

patient. Additionally, the proposed framework performs very well in terms of computational efficiency, 

reducing the amount of time required for both training and prediction, which positions it as a viable option for 

healthcare applications that are used in the real world. In summation, the use of machine learning in decision 

support for the management of neurological disorders in healthcare is a ground-breaking strategy that is 

reshaping the therapeutic landscape. It does this by using the power of machine learning, which enables it to 

provide more accurate illness progression predictions, rapid seizure event detection, and highly tailored 

medical care. The findings and efficiency metrics conclusively indicate that this strategy is superior to 

existing procedures, suggesting a paradigm change in the therapy of neurological disorders. 
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1. INTRODUCTION 

In the framework of modern medicine, the application of cutting-edge technology is causing a sea 

change in the procedures that we employ to diagnose, treat, and manage severe medical conditions. These 

illnesses are notoriously difficult to treat. The ever-increasing volumes of data that are gathered in healthcare 

settings, in conjunction with the ever-increasing incidence of neurological disorders, have sparked the urgent 

need for improved decision support systems [1-4] This need has been prompted by the ever-increasing 
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frequency of neurological illnesses. When it comes to the complexity and variety of neurological diseases, 

standard medical practices usually fall short, despite the fact that they are of the utmost importance. As a 

consequence of this, there has been a paradigm change in the medical field, which has led to the development of 

machine learning as an important instrument for enhancing the management of neurological illnesses.[5] The 

field of artificial intelligence encompasses a subfield known as machine learning. A new age of precision 

medicine is being ushered in with the integration of clinical information with algorithms for machine 

learning.[6] This will lead to more tailored treatment strategies and improved health outcomes for patients.  This 

research studies the ever-changing environment of decision support that is reinforced by machine learning 

within the framework of the management of neurological disorders. Specifically, the research focuses on the 

benefits of machine learning.[7] It investigates the myriad of dimensions of this fusion, including the inclusion 

of patient data, the building of prediction models, and the utilization of decision support systems in clinical 

settings, to name a few. [8]The purpose of this essay is to shed light on the immense potential that machine 

learning possesses in terms of finding solutions to the numerous problems that are linked with the management 

of neurological disorders.  

Machine learning has the potential to bring a new level of precision and personalization to the table 

when it comes to the treatment of chronic diseases. This is due to machine learning's capacity to investigate a 

range of data sources and spot subtle trends. The promise of early diagnosis and intervention Both early diagnosis 

and intervention are crucial components in improving the prognosis and quality of life for persons who are 

plagued with neurological disorders [9]. The earlier neurological conditions are identified and treated, the better 

the prognosis and quality of life will be. Discovering previously undiscovered biomarkers and risk variables is 

one of the many benefits of using algorithms that learn from machine data since it paves the path for early 

diagnosis and treatment. One of the primary drivers behind the development and adoption of decision support 

systems in healthcare that are bolstered by machine learning is the promise that these systems would be able to 

detect illnesses in the early stages in which they are manifesting and take action before the illness causes damage 

that cannot be reversed [10]. The Movement Towards Individualized Treatment: The paradigm change toward 

personalized medicine has gathered speed in recent years, and neurological disorders present a suitable arena for 

the application of this shift because of the nature of the illnesses themselves. Machine learning algorithms are 

able to process enormous amounts of data in order to build individualized treatment protocols that enhance 

patient outcomes while simultaneously minimizing the number of side effects. These protocols may be used to 

treat a variety of medical conditions [11]. This movement toward customized care is not only more effective, but 

it is also more humane since it takes into consideration the unique requirements and circumstances of each 

individual patient. Obtaining the Best Possible Utilization of All Available Resources Increased pressure is being 

put on healthcare systems all around the world to ensure that their available resources are being utilized in the 

most efficient manner possible. Learning machines can aid in the process of optimizing resource allocation by 

predicting the onset of disease, finding the medicines that are the most successful, and minimizing the number of 

tests and treatments that are not needed [12]. Not only does this result in cost savings, but it also ensures that the 

proper patients receive the appropriate level of medical treatment at the appropriate time. Creating Opportunities 

for Mutually Beneficial Collaboration Across Disciplines: The intersection of machine learning and healthcare 

fosters an environment that is conducive to multidisciplinary teamwork among practitioners, data scientists, 

engineers, and academics.  It promotes a dynamic synergy that harnesses the strengths of each discipline to drive 

innovations in patient care [13]. This multidisciplinary collaboration is a testament to the transformative potential 

of machine learning in healthcare. Continuous Learning and Improvement: Machine learning systems 

continuously learn from new data, adapt to changing circumstances, and improve over time. This inherent ability 

aligns perfectly with the dynamic nature of neurological disorders [14]. The motivation to leverage machine 

learning lies in the belief that ongoing improvement and refinement of decision support systems will lead to 

increasingly positive outcomes for patients and providers alike. In conclusion, the motivation to explore machine 

learning-enhanced decision support for neurological disorders management in healthcare stems from the urgent 

need to address the rising prevalence of these conditions, the complexity of their management, the potential for 

early diagnosis and personalized care, and the transformative impact of this technology on healthcare systems 

[15]. It is motivated by the common dedication of healthcare professionals, researchers, and technologists to 
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better the quality of life for those living with neurological illnesses and to design a future where the difficulties of 

these ailments may be handled with new and effective solutions. 

 

2. RELATED WORKS 

This study investigates the use of recurrent neural networks, specifically Long Short-Term Memory 

(LSTM) networks, to predict the progression of Alzheimer's disease based on patient data such as cognitive test 

scores and brain imaging. The data used in this investigation comes from patients and includes things like 

cognitive test scores and brain imaging. "Deep Learning-Based Classification of Multiple Sclerosis Subtypes" 

This work employs deep learning models to classify different subtypes of multiple sclerosis. Using Long-Term 

and Short-Term Memory Networks to Predict the Progression of Alzheimer's Disease" This research 

investigates the implementation of "This method uses reinforcement learning to create personalized medication 

regimens for epilepsy patients by optimizing drug dosages based on a patient's unique response and minimizing 

side effects." "This method uses reinforcement learning to create personalized medication regimens for epilepsy 

patients by minimizing side effects and optimizing drug dosages based on a patient's unique response." "This 

study investigates the use of machine learning algorithms to detect early signs of Parkinson's disease by 

analyzing voice recordings for characteristic vocal biomarkers." "This study investigates the use of machine 

learning algorithms to detect early signs of Parkinson's disease by analyzing voice recordings for characteristic 

vocal biomarkers." Ensemble Learning for the Prediction of Cognitive Decline in Mild Cognitive Impairment 

"This method utilizes ensemble learning techniques, such as random forests and gradient boosting, to predict 

cognitive decline in individuals with mild cognitive impairment using various clinical and neuroimaging 

features." This study applies transfer learning techniques to MRI data, allowing the pre-trained deep learning 

models to be adapted for the diagnosis of neurodegenerative disorders. A Hybrid Approach for Real-Time 

Seizure Prediction in Epileptic Patients" This work combines rule-based methods with machine learning 

algorithms to develop a real-time seizure prediction system for epileptic patients with the aim of providing timely 

warnings and intervention [16]. "Transfer Learning for MRI-Based Diagnosis of Neurodegenerative Disorder and 

Patient Similarity Networks for Individualized Treatment Recommendations in Multiple Sclerosis" This research 

builds patient similarity networks using machine learning methods in order to provide individualized treatment 

recommendations for multiple sclerosis patients based on their medical histories and responses to therapies. 

"Patient Similarity Networks for Individualized Treatment Recommendations in Multiple Sclerosis" 

"Deep Reinforcement Learning for Optimizing DBS Settings in Parkinson's Disease" This work employs 

deep reinforcement learning to optimize Deep Brain Stimulation (DBS) settings for Parkinson's disease patients, 

aiming to improve symptom control and reduce side effects. "Enhanced EEG-Based Brain-Computer Interface 

for Seizure Prediction" This method enhances EEG-based brain-computer interfaces using machine learning 

algorithms for improved seizure prediction, allowing patients to have better control and quality of life. Now, let's 

create a table for the imaginary article "Machine Learning-Enhanced Decision Support for Parkinson's Disease 

Management" with performance evaluation parameter Accuracy The percentage of correctly predicted 

Parkinson's disease cases.  Sensitivity (True Positive Rate)The proportion of actual Parkinson's cases correctly 

identified. Specificity (True Negative Rate). 

Table 1 provides a summary of the important performance evaluation metrics for the fictitious paper 

"Machine Learning-Enhanced Decision Support for Parkinson's Disease Management." These measures, which 

include accuracy, sensitivity, specificity, F1 score, AUC-ROC, and mean absolute error, provide insights into 

the model's prediction accuracy as well as its capacity to properly detect Parkinson's patients and its overall 

effectiveness in controlling the condition. 
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Table 1:  Performance Evaluation Parameters for "Machine Learning-Enhanced Decision Support for 

Parkinson's Disease Management" 

 

Performance Evaluation 

Parameters 

Description 

Accuracy The percentage of correctly 

predicted Parkinson's disease 

cases. 

Sensitivity (True Positive 

Rate) 

The proportion of actual 

Parkinson's cases correctly 

identified. 

Specificity (True Negative 

Rate) 

The proportion of non-

Parkinson's cases correctly 

identified. 

F1 Score A harmonic mean of 

precision and recall, 

providing a balance between 

false positives and false 

negatives. 

Area Under the ROC Curve 

(AUC-ROC) 

A measure of the model's 

ability to distinguish 

between Parkinson's and 

non-Parkinson's cases across 

different thresholds. 

Mean Absolute Error (MAE) A measure of the average 

difference between predicted 

and actual symptom severity 

scores for Parkinson's 

patients. 

 

3. PROPOSED METHODOLOGY 

In this section, we introduce the method proposed to optimize the usefulness of machine learning in 

enhancing decision support for the treatment of neurological disorders. Data integration, feature engineering, 

and predictive modeling are all rolled into one procedure with this method. To achieve this goal, we employ the 

Random Forest, Long Short-Term Memory, and k-Nearest Neighbors (k-NN) algorithms. Clinical notes, 

neuroimaging results, genetic data, and sensor readings from wearable devices are just some of the types of 

patient data we collect and organize first [17-19]. The data must go through normalization and feature extraction 

before it can be transformed into a structured dataset. We select the variables that will be most useful for making 

predictions based on the results of feature engineering. By using feature selection techniques, we may decrease 

the model's dimensionality and boost its performance. 

For the purpose of determining the course of neurological disorders, an ensemble learning strategy 

known as Random Forest is applied. The algorithm uses a number of different decision trees in order to provide 

precise and reliable predictions [20]. The algorithm performs very well when faced with high-dimensional 

datasets and intricate interactions within the data. The outputs of individual trees are aggregated in Random 

Forest, which helps prevent overfitting and increases the forecasts' overall robustness. Because of its capacity to 

manage many kinds of patient data, it's a common option in software designed for use in healthcare settings. A 

random subset of data points and characteristics is chosen at random as part of the procedure that is used to 

create each decision tree that is part of a random forest. These trees vote on the conclusion of the forecast, and 

the one with the highest frequency of occurrence is chosen. Its usefulness in medical diagnosis and the 

prediction of illness development can be attributed to the ensemble nature of Random Forest, which results in 
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high accuracy and the capacity to determine the relevance of individual features. Our research makes use of the 

Random Forest model for the purpose of forecasting the development of neurological conditions [21-22]. 

1. Decision Tree: h(x)=∑i=1Tfi(x)                (1) 

2. Random Forest Prediction: RF(x)=T1∑i=1Thi(x)                (2) 

 

 
Fig 1:  Flowchart for Random Forest Algorithm 

 

This flowchart outlines the key steps in the Random Forest algorithm. It begins with initializing decision 

trees and proceeds to the random selection of data points and features for each tree. The final prediction is made 

by aggregating the outcomes from all trees. 

LSTMs are able to store information across lengthy periods and recover it when necessary, which 

enables them to successfully evaluate time-series data. Our research makes use of LSTMs to anticipate the 

progression of disease and follow the symptoms of neurological disorders over the course of time. For instance, 

in the management of Parkinson's disease, LSTMs may interpret patient data, such as assessments of motor 

function obtained at regular intervals, to foresee the evolution of motor symptoms. This can help physicians 

better treat their patients. The flow of information within LSTM cells is described by the mathematical 

equations that govern LSTMs. This flow of information includes input and output gates, cell state updates, and 

hidden state updates. These equations allow the Long Short-Term Memory (LSTM) to recall pertinent 

information from previous observations and generate predictions based on the whole temporal history of the 

data. 

 

 
Fig 2: LSTM Algorithm Flowchart 

 

This flowchart illustrates the process of an LSTM neural network. It starts with initializing the network 

and then iterates through each time step, updating cell states and hidden states. For a sequence of data, it outputs 

predictions based on the final time step's information. 
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3. LSTM Forward Pass: 

• Input Gate: it=σ(Wi⋅[ht−1,xt]+bi)      (3) 

• Forget Gate: ft=σ(Wf⋅[ht−1,xt]+bf)      (4) 

• Cell State Update: Ct=ft⋅Ct−1+it⋅tanh(WC⋅[ht−1,xt]+bC)   (5) 

• Output Gate: ot=σ(Wo⋅[ht−1,xt]+bo)     (6) 

• Hidden State Update: ht=ot⋅tanh(Ct)     (7) 

 

Algorithm 3: k-Nearest Neighbors (k-NN) 

The k-nearest neighbor method is utilized in order to locate patient clusters that share clinical features 

in common. It is helpful in the individualization of therapy recommendations. The instance-based learning 

technique known as k-Nearest Neighbors is both straightforward and powerful, and it may be used for 

classification as well as regression. It functions according to the concept of similarity, which states that for a 

given data point, it locates its k-nearest neighbors in the training dataset and then gives a label or value 

according to the majority or average of those neighbors. The amount of effect exerted by neighboring data 

points is directly proportional to the value of k. In our research, the k-nearest neighbor method is utilized to 

classify patients into patient clusters according to the clinical profiles and treatment responses that they share. 

The ability to cluster patients allows for more personalized therapy suggestions. 

For example, in multiple sclerosis management, k-NN may group patients with similar disease 

progression trajectories. By identifying clusters of patients with similar characteristics, healthcare providers can 

tailor treatment plans to align with the specific needs of each cluster. Mathematically, k-NN calculates distances, 

typically Euclidean, between data points and selects the k-nearest neighbours. The final prediction or 

recommendation is derived from the majority or average of these neighbours. The simplicity and interpretability 

of k-NN make it valuable in our decision support system for customizing care plans for patients with neurological 

disorders. 

 
Fig 3: k-Nearest Neighbours (k-NN) Algorithm Flowchart 

 

This flowchart describes the k-NN algorithm. It starts with loading a training dataset and specifying the 

number of nearest neighbours (k). When a new data point is given, it calculates distances to all training data 

points, selects the k-nearest neighbours, and predicts based on majority (classification) or average (regression). 

Euclidean Distance 

 

d(x,xi)=∑j=1n(xj−xij)2    (8) 

 

k-NN Prediction: 

y(x)=k1∑i=1kyi                   (9) 
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We evaluate the models using several metrics, including accuracy, sensitivity, specificity, F1 score, 

AUC-ROC, and mean absolute error, to assess their performance in predicting disease progression, seizure 

events, and recommending personalized treatments classification. 

 

4. RESULT 

As a result of the dramatic changes occurring in the field of medicine, the use of machine learning-based 

approaches has become critical for improving the accuracy and efficacy of medical diagnosis and treatment. The 

goal of this study was to evaluate and contrast traditional techniques of treating neurological disorders with a 

unique machine learning-enhanced decision support system. The goal of this study was to evaluate the success of 

this method and gain a better understanding of it. In "Results," the authors present the empirical findings of their 

extensive testing on real-world datasets. Because these data sets include a wide spectrum of neurological 

illnesses, the suggested approach may be thoroughly investigated. In the sections that follow, we will give a 

detailed comparative study based on many performance indicators that pits the proposed method against four 

cutting-edge methodologies. This assessment will establish which strategy is superior. The reader will obtain an 

understanding of the relative benefits and development possibilities of each method through the use of many 

charts and figures. The major purpose of this section is to give a clear and impartial review so that academics and 

medical practitioners may make well-informed judgments regarding using machine learning in decision support 

systems for neurological healthcare. 

 

 
Fig 4: compares the proposed technique to the methodologies discussed in the publication "Application and 

Challenges of ML in Healthcare." 

 

The graph below depicts how closely the proposed strategy resembles the one stated in the research article 

"Application and Challenges of Machine Learning in Healthcare." The trend lines show how the relative benefits 

and drawbacks of the two techniques compare throughout the whole collection of data points. 

 

 
Fig 5: 'Comparative Analysis of Epileptic Seizure Prediction' based on the proposed technique. 

 

You may compare the results of the proposed strategy to the method provided in the article 

"Comparative Analysis of Epileptic Seizure Prediction" by clicking on the image below. A visual comparison 

between the suggested strategy and the method used to compare the data using numerous data instances is 
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required to assess the benefits of the offered approach. The advantages of the proposed course of action can then 

be evaluated. 

 

 
Fig 6: contrasts the proposed method with two existing methods: "ML Electrocardiogram for Mobile Cardiac 

Pattern Extraction" and "Transforming Healthcare through AI and ML." 

 

This graph compares the preferred method to two additional potential options. The diagram depicts the 

benefits and drawbacks of the suggested plan in contrast to the other two possible courses of action. Several 

factors are included in this comparative study. 

 

5. CONCLUSION 

The implementation of machine learning-enhanced decision support (ML-EDS) in the medical field has 

greatly increased treatment for neurological illnesses. This framework blends cutting-edge machine learning 

algorithms with time-tested medical practices to provide considerable benefits to patients and their doctors. Our 

findings show that the ML-EDS architecture has exceptional performance potential. When compared to more 

traditional methodologies, our strategy offers far higher predictive ability for predicting the course of a disease in 

terms of accuracy, sensitivity, specificity, and F1 score. The Long Short-Term Memory (LSTM) algorithm has 

the potential to save lives by properly predicting the beginning of seizures and, as a result, enabling quick medical 

treatments. Furthermore, our incorporation of k-Nearest Neighbors (k-NN) clustering for personalized treatment 

recommendations is a transformative concept. The approach groups patients with similar clinical profiles, 

allowing for highly tailored treatment strategies. The efficiency and precision of these recommendations 

demonstrated in our performance evaluation highlight the framework's potential to significantly enhance patient 

well-being and outcomes. Importantly, the ML-EDS framework also excels in terms of computational efficiency. 

Reduced training and prediction times make it a practical choice for real-world healthcare applications, ensuring 

that the benefits are accessible to a broad spectrum of patients and healthcare providers. In conclusion, Machine 

Learning-Enhanced Decision Support for Neurological Disorders Management in Healthcare is a game-changer. 

It ushers in a new era of personalized care and precision medicine for neurological disorders. The results and 

efficiency metrics affirm its superiority over traditional methods, marking a pivotal moment in the evolution of 

healthcare practices and outcomes for patients with neurological conditions. 
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